This paper presents instrumental variables estimates of the effects of firm tenure, occupation specific work experience, industry specific work experience, and general work experience on wages using data from the 1979 Cohort of the National Longitudinal Survey of Youth. The estimates indicate that both occupation and industry specific human capital are key determinants of wages, and the importance of various types of human capital varies widely across one-digit occupations. Human capital is primarily occupation specific in occupations such as craftsmen, where workers realize a 14% increase in wages after five years of occupation specific experience but do not realize wage gains from industry specific experience. In contrast, human capital is primarily industry specific in other occupations such as managerial employment where workers realize a 23% wage increase after five years of industry specific work experience. In other occupations, such as professional employment, both occupation and industry specific human capital are key determinants of wages.
Introduction
A large literature has examined the sources of wage growth over the lifecycle, with considerable attention devoted to determining the relative importance of employer tenure and overall labor market experience in determining wages.
2 According to this view of the human capital accumulation process skills are either firm specific or transferable across all jobs, but skills are not occupation or industry specific. A different view of the human capital accumulation process is presented by Neal (1995) and Parent (2000) , who both find that industry specific human capital is a key determinant of wages, while firm specific human capital contributes little to wage growth. More recently, Kambourov and Manovskii (2007) have challenged the view that human capital is primarily industry specific, finding that after controlling for occupation tenure both industry and firm tenure have little importance in determining wages. Their results suggest that previous estimates of large returns to industry experience were driven primarily by the omission of occupation specific work experience from wage regressions, a variable that is highly correlated with industry experience.
This paper presents new evidence on the specificity of human capital by estimating the returns to firm, occupation and industry specific work experience using data from the 1979
Cohort of the National Longitudinal Survey of Youth (NLSY). These explanatory variables are endogenous, so the wage equation is estimated using the instrumental variables approach developed by Altonji and Shakotko (1987) . The empirical results demonstrate that the conclusions drawn about the specificity of human capital hinge on the treatment of within-firm occupational mobility. When within-firm occupational mobility is ruled out, the estimates confirm Kambourov and Manovskii's (2007) finding that human capital is primarily occupation specific. However, this paper presents new empirical evidence on the validity of within-firm occupation changes by exploiting a change in the NLSY occupation coding scheme that was designed to more accurately detect within-firm occupation changes. Beginning in 1994 the NLSY occupation coding scheme changed so that within-firm occupation changes were allowed to occur only if workers directly reported a change in the type of work done on their job. In contrast, before 1994 NLSY respondents re-reported their occupation for all jobs, and were not directly asked whether or not they had switched occupations within their current firm. A comparison of pre and post 1994 data suggests that within-firm occupation changes do in fact reflect true changes in occupation, and are not simply the result of measurement error. When these within-firm occupational transitions are allowed, the empirical results point to a role for both industry and occupation specific human capital in determining wages.
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This paper also expands on the existing literature by allowing the returns to human capital to vary across occupations, departing from previous work which has constrained the parameters of the wage equation to be the same for all occupations. This is a key extension of existing research because there is no reason to believe that the technology of skill production is the same across all occupations. In fact, the results show that the specificity of skills accumulated at a job varies widely across one-digit occupations. For example, craftsmen accumulate skills that are primarily occupation specific, experiencing a wage gain of 14% after five years of occupation experience. On the other hand, human capital is primarily industry specific for managers, who experience a wage increase of 23% after five years of industry experience. In contrast, professionals accumulate skills that are both occupation and industry specific, as they realize wage increases of 22% after five years of occupation experience and 14% after five years of industry experience. Finally, sales workers do not experience wage gains from either occupation or industry experience, but they realize large wage gains as they accumulate general work experience. The differences in the returns to human capital across occupations are large and statistically significant. Restricting these effects to be equal across occupations leads to misleading estimates of the effects of occupation and industry specific human capital on wages.
Whether wage growth over the career is due to the accumulation of skills that are specific to firms, occupations, industries, or completely general and transferable between all jobs is a fundamental question about the wage determination process. In addition, the finding that human capital is both occupation and industry specific has implications for a number of areas of current research. For example, it suggests that studies of career choice and career mobility should define careers using both occupation and industry codes since workers acquire skills that are specific to both occupations and industries. 4 The specificity of human capital is also relevant for macroeconomic studies of wage inequality and aggregate productivity. For example, Kambourov and Manovskii (2007B) develop a theoretical model which shows that rising occupational mobility can explain a large fraction of the observed increase in wage inequality if human capital is largely occupation specific.
The specificity of human capital is also relevant when studying the impact of job displacement, a topic which has been the subject of a large amount of research by economists as well as a considerable amount of policy discussion. The value of firm, occupation, and industry specific skills relative to the value of general skills is an important determinant of the cost of displacement since the transferability of a worker's skills to a new job is a key determinant of the wage loss accompanying job displacement. This analysis uses only white men ages 18 or older from the nationally representative core sample of the NLSY. Individuals who ever report serving in the military, working as farmers, or being self-employed are excluded from the sample. These sample restrictions closely follow those imposed in the related literature, see Parent (2000) for an example.
The NLSY work history files are used to construct a monthly history of each individual's primary employment using the weekly employment records. This analysis considers only full time employment, which is defined as a job where the weekly hours worked are at least 20. The 4 Neal (1999) develops a career choice model which defines a career using occupation and industry codes, but the majority of career choice models use only occupation codes to define a career. See Miller (1984) , McCall (1990) and Keane and Wolpin (1997) for examples. 5 See Ruhm (1991) and Jacobson, LaLonde and Sullivan (1993) for evidence on the cost of displacement. Carrington (1993) shows that displaced workers who switch industries suffer larger wage losses than those who remain in the same industry.
intent of this analysis is to follow workers from the time they make a permanent transition to the labor market and start their career. This is no clear best way to identify this transition to the labor market, so this analysis follows people from the month they reach age 18 or stop attending school, whichever occurs later. Individuals are followed until the year 2000, or until they exit from the sample due to missing data.
The weekly labor force record is aggregated into a monthly employment record based on the number of weeks each full time job is worked at during each month. An individual's primary job for each month is defined as the one in which the most weeks were spent during that month.
Transitions between firms are identified using the NLSY variables that differentiate between employers within years and allow employers to be linked across survey years. The monthly employment record is used to create a running tally of firm tenure for each worker. Occupation and industry experience are also computed using the monthly labor force record. Occupation (industry) experience in each month is simply the total amount of experience that a worker has accumulated in the current occupation (industry). Total work experience is also computed in this manner, so this study uses actual work experience, as opposed to the potential experience variable used in many studies.
The NLSY work history files provide information about weekly employment status, but
wages are recorded at the yearly level. For example, suppose that a person works in the same job during all twelve months of a year. The constructed employer tenure variable will increase by one in each month, but the wage will remain constant over the entire year. If the job continues into the next year, a new wage will be observed. Given this feature of the data, only months that include a new wage observation for jobs are used in the wage regressions. Summary statistics for the data are presented in Table 1 . There are 1,932 individuals in the sample who contribute a total of 26,841 observations to the sample. The one-digit occupation and industry classifications used throughout the paper are described in detail in Appendix A.
Occupation and Industry Codes
The occupation and industry codes for each job are used to create a series of occupation and industry experience variables for each person in the sample. A key issue when constructing these variables is the method used to identify transitions between occupations and industries. The most common approach used to identify transitions between occupations and industries is to consider an occupation or industry switch to be genuine only if it coincides with a switch of employer. Neal (1999) proposes this solution after noting that in the NLSY industry and occupation codes frequently vary over the course of an employment spell at a firm. The bottom section of Table 1 summarizes the levels of within-firm mobility between occupations and industries found in the data used in this study. The table shows that 18.5% of firm spells include a within-firm occupation switch, and 10.3% of firm spells include a within-firm industry switch.
Neal advocates constraining industry codes to be constant during each spell of employment at a firm because he argues that there is likely to be little scope for mobility between industries within a typical firm since a typical firm only operates in one industry. Parent (2000) adopts this approach when constructing industry experience variables using the NLSY. Kambourov and Manovskii (2007) consider both occupation and industry switches to be genuine only if they coincide with a switch of employer in the preferred specification of their wage equation. 6 This approach rules out mobility between occupations and industries within firms. However, it isn't clear that it is appropriate to rule out within-firm occupation switches in the same manner as within-firm industry switches, since it is reasonable to think that there is considerable scope for within-firm occupational mobility in a typical firm. 7 Section 4.1a-4.1b of this paper provides evidence regarding whether within-firm occupational transitions reflect actual changes in occupation by exploiting the fact that the NLSY occupation coding scheme changed in 1994 in a way designed to more reliably detect within-firm occupation switches.
The Econometric Model of Wages
The baseline econometric model consists of the following log-wage equation for worker i employed at firm j in occupation q in industry d at time t, 6 Kambourov and Manovskii (2007) use the PSID, so they must use self reported tenure variables to identify transitions between firms, which is known to be a noisy way of identifying firm switches. The PSID also provides retrospectively coded occupation and industry codes created by coders who have access to a person's sequence of job descriptions over their entire career, as opposed to the NLSY in which coders only have access to descriptions for a single year. The re-coded occupation and industry codes are available from 1968-1980. Unfortunately, Kambourov and Manovskii report that reliable employer tenure is not available until 1981 in the PSID, so the recoded occupation and industry codes can be used to evaluate different methods of identifying occupation and industry switches, but the re-coded data does not span the years used in estimation (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1) provides biased and inconsistent parameter estimates in the presence of this type of correlation.
This work deals with endogeneity by employing the instrumental variables technique developed by Altonji and Shakotko (1987) . 10 This procedure instruments for current firm tenure with deviations of current tenure from mean tenure on the current job. the firm specific match value ( ij ψ ). As a result of this concern, Section 5 of this paper provides additional evidence about occupation and industry experience effects using alternative empirical approaches.
Estimates of the Effects of Occupation and Industry Experience
This section discusses the instrumental variables estimates of the model of wage determination presented in the previous section, evaluates the impact of alternative assumptions about withinfirm occupational mobility, and investigates whether within-firm occupation switches represent actual occupation switches. were directly questioned about within-firm occupational switches. Also, the decrease in withinfirm occupational mobility should be accompanied by an equal increase in the fraction of respondents who report staying at their old firm in their old occupation, because the other two outcomes which involve switching firms should not be affected by the coding change. The decline in within-firm occupational mobility in 1994 is in fact matched by a corresponding increase in the fraction of respondents who report staying at their old firm in their old occupation. However, in the next interview (1996) the fraction of respondents reporting that they remain at their old firm in their old occupation returns to its pre-coding change (1993) level. The decrease in the fraction of people staying at their old firm and occupation is accompanied by an increase in the fraction of people who switch firms and occupations and switch firms within their old occupation. These patterns suggest that mobility rates are actually changing during this time period, so it is not simply a matter of the coding change re-classifying people from the "remain at current firm & switch occupations" category to the "stay at old firm in old occupation" category.
Given that the changes in mobility around the time of the coding change do not exactly correspond to what one would expect if the coding change was the only factor driving the observed changes in mobility, some caution must be used when interpreting the empirical evidence. However, the simplest comparison shows that average within-firm occupational mobility rates drop by .04 from 1980-1993 to 1994-1998, and drop by .08 from 1993 to 1994-1998 . These numbers provide informal evidence on the impact of measurement error on withinfirm occupational switches, but they do suggest that the vast majority of within-firm occupational transitions reflect true changes in occupation. Comparing within-firm occupation switches from 1980-1993 to 1994-1998 suggests a rough estimate of 81% of within-firm occupation switches being true occupation switches. Of course, this estimate ignores the fact that the decrease in the "remain at current firm & switch occupations" category is not accompanied by a corresponding increase in the "stay at old firm in old occupation" category, as one would expect if the changes in the fraction of respondents in each category was driven solely by a reduction in measurement error due to the coding change. One could think of the 81% estimate as a lower bound on the percentage of within-firm occupation switches that reflect true occupation changes. However, although this is only a rough estimate, it does suggest that treating all within-firm occupation switches as false transitions created by measurement error (as is commonly done) is inappropriate.
4.1b An Analysis of Within-firm Occupational Mobility
This section provides further evidence regarding whether within-firm occupational transitions are primarily real occupational transitions or simply false transitions created by misclassification of occupations. Consider a simple model of mobility between firms and occupations where a worker has the following four options in each time period: 1) switch firms and occupations, 2) switch firms within the current occupation, 3) switch occupations within the current firm, 4) remain at the current firm in the current occupation.
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Estimating a multinomial logit model (MNL) of employment transitions using these four outcomes provides information about the relationship between mobility and observable worker characteristics such as education and firm tenure. 12 One limitation of simply examining the time trends in within-firm occupational mobility is that this simple analysis fails to control for the effects of observable variables on within-firm occupational mobility. The MNL model addresses this shortcoming by including a dummy variable for the 1994 to 1998 time period along with controls for other observable variables.
The parameter estimates for the multinomial logit model of mobility are presented in Table 2 . This analysis uses NLSY data from 1980-2000. All coefficients are measured relative to the base choice of remaining at the current firm without switching occupations. This table also
shows the marginal effect of each variable, which is simply the derivative of each outcome probability with respect to the explanatory variable evaluated at the sample means of the independent variables. The parameter estimate for the 1994 to 1998 dummy variable for outcome three (remain at current firm and switch occupations) is small and negative, but is not statistically significant at any conventional significance level. The marginal effect of this dummy variable is small and positive, but again is not statistically different from zero at the 5% level. These estimates imply that after controlling for the relevant observable variables, there is little evidence that the coding change caused a large drop in within-firm occupational mobility. The fact that the 1994 coding change does not appear to have greatly reduced within-firm occupation switches provides evidence against the strong assumption (made in existing research) that within-firm occupation switches should be ruled out because they are solely the result of classification error.
The parameter estimates from this model of mobility also provide further evidence that within-firm occupational switches are true occupational transitions. Suppose that within-firm occupational transitions are caused exclusively by classification error and that this classification error is independent of observable worker characteristics. In this case one would not expect to find statistically or economically significant relationships between observable variables and the probability of observing an occupational switch within a spell of employment at a firm. The marginal effects in Table 2 show that large, statistically significant relationships exist between accumulated years of occupation and firm tenure and mobility between firms and occupations.
Across all outcomes the signs of these effects are consistent with a model of worker behavior where job matching and/or human capital accumulation occurs at the level of both firms and occupations. For example, consider the relationship between mobility and firm tenure. A five year increase in firm tenure is associated with a 13 percentage point decrease in the probability of switching firms and occupations, a 13 percentage point decrease in the probability of switching firms within an occupation, and a 12 percentage point increase in the probability of switching occupations within a firm. Across the three outcomes, firm tenure and occupation experience are strong predictors of within-firm occupational mobility. The strength of these relationships is hard to reconcile with the view that within-firm occupational transitions are solely false transitions generated by classification error in occupation codes.
The fact that within-firm occupational transitions appear to be more than exclusively a result of classification error only rules out the extreme situation where all within-firm occupational transitions are created by classification error. It is likely that some occupational transitions, both within and across firms, are the result of measurement error. Section 5 presents evidence that the results of this paper are not driven by measurement error. However, the key point is that previous work examining the occupation and industry specificity of human capital has imposed the extreme restriction that occupational mobility does not occur within a firm.
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The results discussed in the next section demonstrate that allowing for within-firm occupation switches reduces the importance of occupation experience and increases the importance of industry experience in determining wages. variables. This specification of the regression follows the related literature in imposing the restriction that the effects of firm, occupation, and industry experience are constant across occupations. To provide some sensitivity analysis the estimates are presented for specifications of the model that allow within-firm occupation and industry switches, and also for specifications that rule out mobility between occupations and industries within a firm.
Wage Equation Estimates: Baseline Model
Column 1a of Table 3 presents OLS estimates of a wage equation that includes firm tenure and industry and occupation specific work experience. Note that these OLS parameter estimates are likely to be biased because of the endogeneity problems discussed in Section 3 of this paper, but they provide a useful baseline for comparison with the IV estimates. According to the OLS estimates, wages increase by 17% after five years of firm tenure, 10% after five years of occupation experience, and 9.9% after five years of industry experience. Note also that the return to each year of industry experience in the quadratic specification is not statistically different from zero at the 5% level, but there is a large and statistically significant first year industry experience effect of 7%.
Column 1b of Table 3 presents IV estimates of a wage equation that includes firm tenure and total experience as explanatory variables but omits both industry and occupation experience.
These estimates suggest that the first year of firm tenure increases wages by 2.5%, but the effect of additional years of firm tenure is small and statistically insignificant. This parameter estimate falls within the range of previous estimates of the firm tenure effect obtained using the Altonji and Shakotko IV estimator, which generally range from small negative effects to small positive effects. In addition, small firm tenure effects are found across a range of studies that use different methodologies.
14 The specification of the wage equation reported in column 2a of Table 3 includes industry experience as an explanatory variable and restricts industry codes to be constant during 14 Altonji and Shakotko's (1987) (A&S) preferred estimates indicate that 10 years of employer tenure increase the log wage by .06. Altonji and Williams (2005) perform a detailed reconciliation of the results of A&S and Topel (1991) along with new empirical evidence, and conclude that firm tenure effects are relatively small. Bratsberg and Terrell (1998) find that 5 years of tenure decreases wages by 2.8% for white males using the NLSY. Using a different but closely related IV estimator, Light and McGarry (1998) find that 5 years of firm tenure increases wages by 1.9% in the NLSY. See Abowd, Kramerz, and Margolis (1999) (French data) and Lillard (1999) for additional evidence that firm tenure effects are small. More recently, Dostie (2005) and Abowd, Kramarz, and Roux (2006) report evidence of negative firm tenure effects using matched employer-employee data from France.
the course of a worker's employment spell at a firm. This specification is similar to the one used by Parent (2000) , who does not include occupation experience as an explanatory variable. These estimates indicate that 5 years of industry experience increase wages by 9.9%. In the absence of occupation experience, industry experience appears to be an important determinant of wages.
Note that similar to the OLS estimates, the IV estimates suggest that the majority of the wage increase from industry-specific experience is attributed to the first year effect (.058 out of a total increase of .099). The large effect of the first year of industry experience is quite robust across the six specifications of the wage regression that include industry experience. Column 2b repeats this regression, but allows workers to switch industries within a firm. This change increases the effect of five years of industry experience very slightly to 10%. As a basis for comparison, Parent (2000) finds that 5 years of industry experience increase wages by 9.5% using the Altonji and Shakotko IV estimator, so the results from the two studies are extremely close. 15 Parent's study uses the NLSY and restricts industry codes to be constant during employment spells.
The estimates reported in columns 3a and 3b of Table 3 show that when occupation experience is included as an explanatory variable in place of industry experience there are substantial estimated returns to occupation experience. These estimates indicate that five years of occupation experience increases wages by 17.2% when occupation codes are restricted to be constant over the duration of an employment spell at a firm. However, the return to five years of occupation experience falls to only 10% when within-firm occupational mobility is allowed.
Estimates of the returns to occupation experience appear to be quite sensitive to assumptions about within-firm occupational mobility. In contrast, the estimates of industry experience effects are very robust to allowing or ruling out within-firm industry switches. Previous work in this area such as Parent (2000) and Kambourov and Manovskii (2007) has not examined the sensitivity of estimates of occupation and industry experience effects to assumptions about within-firm mobility between occupations and industries.
The estimates presented in Table 3 show that the estimated return to occupation experience decreases by approximately 40% when within-firm occupation switches are allowed. 15 The small difference between the estimates of industry experience on wages (9.9% vs. 9.5%) is likely due to the fact that although this paper and Parent (2000) use the NLSY data, Parent (2000) used NLSY data up to 1996 (compared to 2000 in this paper), and Parent aggregates the data to the yearly level (compared to monthly in this paper).
The evidence presented in Section 4.1 suggests that these within-firm occupation switches represent actual changes in occupation, so it is important to consider why ignoring this type of mobility results in such a large overstatement of the effect of occupation experience on wages.
The explanation is that workers frequently experience wage gains from moving to higher paying occupations within their firm. When occupation codes are constrained to be constant over the course of employment spells at firms the wage gains from moving to higher paying occupations within the firm are falsely attributed to gains from occupation experience. The net result is an overstatement of the importance of occupation experience in determining wages caused by ignoring within-firm occupational mobility.
The previously discussed wage equation estimates suggest returns to industry experience in the absence of occupation experience similar in magnitude to those found by Parent (2000) .
Columns 4a-4c of Table 3 show how the results change when both occupation and industry experience are included as explanatory variables. These regression results are summarized in Table 4 , which shows the returns to occupation and industry experience under various assumptions about the possibility of within-firm occupation and industry switches. First, consider the IV estimates summarized in sections 2-4 of Table 4 . When occupation and industry codes are not allowed to change during an employment spell at a firm, the estimates indicate that five years of occupation experience increases wages by 13.3%. Under this specification five years of industry experience increases wages by only 4.9%, while five years of total experience increases wages by 23.5%. These estimates suggest that human capital accumulates primarily at the level of occupations, rather than industries. In addition, general skills as measured by total work experience play a large role in determining the growth of wages over time. 16 Kambourov and Manovskii (2007) reach a similar conclusion about the relative importance of occupation and industry specific capital based on estimates obtained using the same Altonji and Shakotko instrumental variables methodology applied to data from the PSID. They find that five years of occupation experience increases increase wages by 8.0%, while five years of industry experience increases wages by 4.6%.
The previously discussed results suggest that occupation specific capital is a far more important determinant of wages than industry specific capital when within-firm occupational 16 Schönberg (2007) also finds that general human capital is the most important determinant of wage growth in the NLSY and in German data.
switches are ruled out. However, the results presented in Table 4 show that this result is quite sensitive to assumptions about within-firm occupational mobility. When within-firm occupation switches are allowed, the return to 5 years of occupation experience falls from 13.3% to 6.8%
while the return to 5 years of industry experience rises from 4.9% to 6.4%. Based on these results, one would conclude that industry and occupation specific human capital are of approximately equal importance in determining wages. The final three rows of Table 4 show that these results are extremely robust to assumptions about within-firm mobility between industries.
When within-firm industry switches are allowed in addition to within-firm occupation switches the return to 5 years of occupation experience falls very slightly by .2 percentage points to 6.6%, while the return to 5 years of industry experience falls by only .05 percentage points to 6%.
Overall, the results of the baseline specification of the wage regression suggest that both occupation and industry specific human capital play important roles in determining wages. The next section examines whether or not this result is robust to allowing the parameters of the wage equation to vary across occupations.
Do Occupation and Industry Experience Effects Vary Across Occupations?
The preceding analysis of occupation and industry experience effects restricts the parameters of the wage equation to be the same for all occupations. This approach is the one adopted in virtually all of the literature on estimating the returns to occupation and industry specific human capital. 17 The preferred estimates of this specification of the wage equation indicate that five years of occupation experience increases wages by 6.8%, while five years of industry experience increases wages by 6.4%. These results indicate that skills have components that are both occupation and industry specific, but it appears that general skills that are transferable across all jobs (as measured by total experience) are a far more important determinant of wages.
17 Neal (1995) , Parent (2000) , and Kambourov and Manovskii (2007) all assume that experience effects are constant across occupations. Keane and Wolpin (1997) allow occupation experience effects to vary between the two occupations (blue and white collar) in their structural occupational choice model, but they do not allow for firm or industry experience effects. Gould (2002) allows the effect of total experience on wages to vary over the three occupations in his model (professional, service, and blue collar) but does not allow for occupation or industry experience effects. Dustman and Meghir (2005) allow the returns to industry experience, firm tenure, and general experience to vary by skill level in their study of German workers, but they do not allow for occupation experience effects. Gibbons, Katz, Lemieux, and Parent (2005) find that the returns to skill vary across occupations, where skills are measured using a skill index that is defined using education, experience, and AFQT scores. which is the lowest five-year total experience effect found in any occupation. In addition, this general experience effect is not statistically different from zero at the 5% level. These results suggest that professional workers accumulate skills that are to a large extent both occupation and industry specific. General skills, as measured by total experience, are of relatively little value in the professional occupation compared to the other occupations.
In contrast to professional workers, sales workers do not experience a statistically significant wage gain from occupation or industry specific work experience, but they experience a 36.9% wage increase after five years of total experience, which is the largest general experience effect accruing to workers in any occupation. Turning to the managerial occupation, the results show that managers realize a 23% wage increase after five years of experience in an industry, which is the largest effect of industry specific human capital found in any occupation.
This result indicates that managers accumulate valuable industry-specific knowledge and skills that causes wages to increase. Interestingly, the results show that after controlling for this industry-specific experience, managerial wages do not increase due to the accumulation of experience as a manager.
Variation in the specificity of skills is also found in blue-collar occupations, especially in regard to the relative importance of industry specific skills and general skills. Craftsmen accumulate occupation specific skills that increase wages by 13.7% after five years of experience, but do not experience wage gains from industry specific experience. In terms of the type of work done on the job craftsmen appear to be most similar to operatives, so one might expect the wage equations for the two occupations to be similar. However, there are substantial differences in the roles played by occupation specific skills and general experience between the two seemingly closely related occupations. General experience is approximately twice as valuable for operatives compared to craftsmen, with five-year total experience effects of 35.7%
and 17.1%. Additionally, occupation experience has a large and statistically significant effect on wages for craftsmen, but not for operatives.
The final two occupations listed in Table 5 are the relatively low paid laborers and service occupations. Workers in both of these occupations experience wage gains of roughly 32% after five years of total experience. However, a key difference between these two occupations is that service workers realize a large wage gain of 16.8% after five years of occupation specific experience, but there is no evidence that occupation specific skills are valuable for laborers.
The first column of Table 5 shows the estimated effects of firm tenure on wages in each occupation. The point estimate of the effect of five years of tenure on wages is negative in six out of the eight one-digit occupations, but these effects are not statistically different from zero at the 5% level in seven out of the eight occupations.
The bottom section of Table 5 presents the results of hypothesis tests of the equality of the returns to different types of human capital across occupations. For example, the hypothesis test for the firm tenure effects is a joint test of the null hypothesis that the coefficients on , , and are equal across the eight occupations. The alternative hypothesis is that at least one of these coefficients differs across occupations.
Analogous tests are performed for the occupation, industry, and total experience effects. The results of these hypothesis tests show that the null hypothesis that the occupation experience effects are the same across occupations is rejected at the 5% level. The null hypothesis that the returns to industry specific experience are the same across occupations is also rejected at the 5% level. In contrast, the null hypothesis of the equality of the firm tenure effects across occupations is not rejected at the 5% level. This is not surprising, given that the firm tenure effects are generally small and not statistically different from zero. Overall, the large differences in the value of different types of human capital across occupations combined with the statistical
significance of these differences suggests that heterogeneity in the returns to different types of human capital is an important feature of the wage determination process.
From the point of view of understanding the wage determination process, the results shown in Table 5 suggest substantial variation in the specificity of skills accumulated at jobs in different occupations. Occupation specific skills are highly valued in some occupations (craftsmen and service), and industry specific skills are highly valued in other occupations (managers). For professionals, human capital has large industry and occupation specific components. General human capital is the key factor determining wage growth in some occupations (sales and clerical), while it is much less important in other occupations (professionals). These conclusions about the process of wage determination are quite different from the ones reached in previous research, which has found that skills are either occupation or industry specific, and has restricted the specificity of human capital to be the same across occupations.
Further Analysis of Occupation and Industry Experience Effects
The NLSY provides the U.S Census occupation and industry codes for each job. Mellow and Sider (1983) , who perform a validation study of occupation and industry codes using occupation codes found in the CPS matched with employer reports of their employee's occupation and industry. They find agreement rates for industry codes of 84% at the three-digit level and 92% at the one digit level. The agreement rates for occupation codes at the three and one digit level are 58% and 81%. This evidence indicates that industry codes are significantly less noisy than occupation codes, and raises serious doubts about whether or not it is appropriate to use three-digit occupation codes in empirical work. As one would expect, there appears to be less measurement error in the fairly broadly defined one-digit classifications compared to the more narrowly defined three digit groupings.
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The occupation and industry codes are used to create the occupation and industry experience variables used in the wage regressions, so classification error in the codes creates measurement error in the experience variables used in the wage regression. It is well known that the presence of measurement error in highly correlated regressors such as occupation and industry experience variables will bias parameter estimates. The key question is whether or not measurement error is the driving force behind the key result of this paper, which is that both occupation and industry specific capital play important roles in determining wages.
Evaluating the Performance of OLS and IV in Predicting Wage Changes
At this point it is useful to compare the OLS and IV estimates of the effects of the different human capital variables on wages. The OLS estimates are biased by endogeneity, while the IV estimates should not be. A comparison of the OLS and IV (specification 4b) estimates shows that the five year firm tenure effect has a very large upward bias of .20 log wage points, while the five year occupation and industry experience effects are biased upwards by .035 and .055 log wage points. These results suggest that endogeneity causes a much larger upward bias in the firm tenure coefficient compared to the occupation and industry coefficients.
One possible concern regarding the IV results is that the decreases in the tenure and experience coefficients between the OLS and IV estimates may be driven to some degree by measurement error in tenure and experience variables. The concern is that the firm, occupation, or industry experience effects could be biased downward due to measurement error in the highly correlated tenure, occupation experience, industry experience variables, and the associated instruments. A natural test of the performance of the IV and OLS estimates is to compare their performance in predicting wage changes across different combinations of firm switches, occupation switches, and industry switches.
19 If the IV tenure and experience coefficients are correct, then the predicted wage changes based on the OLS parameter estimates for workers who do not switch firms, occupations, or industries should be greater than the wage changes observed in the data. In contrast, the OLS wage change predictions should be less than the wage changes 18 See Bound, Brown, and Mathiowetz (2001) for a survey of research that has examined the extent of measurement error in occupation and industry codes. 19 A similar approach is used by Altonji and Shakotko (1987) to evaluate their IV estimates of firm tenure effects.
observed in the data for workers who switch firms, occupations, and industries. In all cases, the IV wage changes predictions should be more accurate if the IV estimates of the tenure and experience coefficients are unbiased. Table 6 shows the average within-person change in the log wage based on predicted wages obtained from both the OLS and IV wage equations along with the mean actual log wage change found in the NLSY data. The first column of Table 6 shows that for workers who do not switch firms, occupations, or industries (stayers), the average change in the log wage found in the NLSY data is .033. The predicted wage change for stayers based on the OLS equation is .069, so the OLS prediction error is .036 log-wage points. The IV equation overstates the average wage change for stayers by only .008, so the IV equation provides a much more accurate prediction of wage growth for workers who remain at the same firm, occupation, and industry. In other words, OLS overstates within-job wage growth by over 100% because the firm tenure, occupation experience, and industry experience effects are biased upward by endogeneity. These results suggest that OLS produces upward biased estimates of the effects of firm tenure, occupation experience, and industry experience relative to the IV estimates.
The second through fourth rows of Table 6 show the average wage changes for workers who switch firms, broken down by whether or not they switch occupation or industry at the same time. For each type of mobility, the average wage change in the NLSY data is positive, so workers on average gain from mobility. However, the OLS equation actually predicts wage losses for each of these categories of mobility. In contrast, the IV equation correctly predicts that these movers will on average experience wage increases. The gap between the actual mean wage changes and the OLS predicted wage changes is -.049 for firm and occupation switchers, -.074
for firm and industry switchers, and -.057 for those who only switch firms. The corresponding IV prediction errors are between 60% and 75% smaller, with IV prediction errors of -.012 for occupation switchers, -.029 for industry switchers, and -.022 for those who only switch firms.
These results are consistent with the hypothesis that OLS provides upward biased estimates of the tenure and experience effects, while IV provides more accurate estimates of these parameters.
The fact that the IV parameter estimates consistently provide better predictions of wage changes across all combinations of switching firms, occupations, and industries provides evidence that the differences between the OLS and IV parameter estimates are not driven solely by bias caused by measurement error. If the differences were due to the effect of measurement error on the IV estimates, then one would not expect the IV equation to systematically outperform the OLS equation in predicting wage changes.
An Alternative Test of the Importance of Occupation and Industry Specific Human Capital
Another way to examine the validity of the IV parameter estimates is to replicate the experiment performed by Neal (1995) in his study of displaced workers. He demonstrates the importance of industry specific capital by showing that when post-displacement wages are regressed on predisplacement firm tenure, the coefficient is three times as large for workers who stay in the same industry compared to those who switch industries. This result suggests that workers accumulate skills that are industry specific. One way of extending this methodology to examine the importance of occupation and industry specific capital is to divide the sample of all workers who switch employers into the following four groups: 1) switch firms but not occupation or industry,
2) switch firms and occupations but not industry, 3) switch firms and industry but not occupation, 4) switch firms, industry, and occupation. Regressing the change in wages accompanying the move between firms on pre-switch firm tenure separately for each of the four groups provides information about the transferability of skills between occupations and industries. The advantage of this approach is that random misclassification of occupation codes will cause these regressions to understate the importance of occupation specific experience if the true effect of occupation experience on wages is positive. Table 7 presents estimates of the effect of pre-switch firm tenure on changes in the log wage for each of the four types of mobility. These estimates provide clear support for the IV regression results which indicate that occupation and industry-specific experience have large effects on wages, while firm tenure effects are negligible. The first column of Table 7 shows that there is no statistically significant relationship between pre-switch firm tenure and the change in the log wage for workers who switch firms within their current occupation and industry. When workers switch firms but do not switch industry or occupation, there are no truly firm specific skills that are not transferable to their new job. This result is consistent with the IV regression results which show that firm-specific skills contribute little to wage growth. The estimate in the second column of Table 7 shows that when a worker switches firms and occupations, the wage change decreases by .0187 with each year of pre-switch firm tenure. This estimate shows that when workers switch occupations but remain in the same industry they incur wage losses because their occupation-specific skills are lost when they switch occupations. Similarly, the third column of Table 7 shows that when a worker switches firms and industries but remains in the same occupation the wage change decreases by -.0163 with each year of pre-switch firm tenure. This indicates that industry-specific skills are lost when a worker switches industries. The
final column of Table 7 shows that the relationship between pre-switch firm tenure and wage changes is even stronger for workers who switch occupations and industries compared to those who only switch occupation or industry. The decrease in wages associated with each year of preswitch firm tenure is approximately twice as large as corresponding wage change for occupations switchers, and is 2.5 times as large as the corresponding wage change for industry switchers.
While it is reassuring that these results provide support for the general conclusion that industry and occupation-specific human capital are each key determinants of wages, it is also interesting to note that they also support the conclusion drawn from the IV estimates about the relative magnitudes of these two effects. Both the IV and wage change estimates show that after averaging across occupations, both industry and occupation specific skills are of approximately equal importance in determining wages. Setting aside selection effects, these results suggest that when workers switch either occupations or industries some skills are not transferable to their new job. These results are consistent with the IV results which suggest that truly firm-specific factors contribute little to within-job wage growth.
Conclusion
This paper presents instrumental variables estimates of the effects of firm tenure, occupation experience, industry experience, and general work experience on wages for a sample of young men from the NLSY. Multiple specifications of the wage equation are estimated, and the results show that estimates of occupation and industry experience effects are quite sensitive to the treatment of within-firm occupational mobility. When within-firm occupation switches are ruled out, it appears that human capital is primarily occupation specific. However, this paper provides new evidence on the validity of within-firm occupation switches by exploiting a change in the NLSY occupation coding scheme designed to increase the reliability of reported within-firm occupation switches. This new data, combined with empirical evidence from a simple model of worker mobility suggests that workers make actual occupation switches within firms.
When within-firm occupation switches are allowed, the IV wage equation estimates show that wages increase with both occupation and industry experience.
Additional evidence supporting the industry and occupation specificity of human capital is provided by an analysis of the relationship between firm tenure and wage changes accompanying mobility between firms. High tenure workers who switch occupation or industry when switching firms experience larger wage losses than those who do not switch occupation or industry, which suggests that workers accumulate skills that are both occupation and industry specific. In addition, the IV specification of the wage equation consistently outperforms the OLS specification in predicting wage changes for all combinations of mobility across firms, occupations, and industries. This suggests that OLS provides upward biased estimates of the effects of firm tenure, occupation experience, and industry experience on wages.
The results presented in this paper show that workers accumulate skills that are specific to both occupations and industries, while truly firm specific skills contribute little to the growth of wages over the career. A key feature of the human capital accumulation process is that the value of occupation experience, industry experience, and general work experience varies substantially across occupations. Constraining the effects of human capital on wages to be the same across occupations leads to misleading estimates of the effects of occupation and industry specific human capital on wages. Skills are primarily occupation specific in some occupations (craftsmen and service), industry specific in others (managers), and both occupation and industry specific in others (professional). On the other hand, general skills are the primary determinant of wage growth in other occupations (sales and clerical). These conclusions about the importance of both occupation and industry experience are quite different from those reached in the recent literature, which has found that either occupation or industry experience affects wages, but not both types of experience. 7 1980 1982 1984 1986 1988 1990 1992 1994 1996 1998 2000 Year Reported 
Mean of dependant variables 0.213 0.168 0.201
Notes: The omitted outcome is remaining at the current firm in the current occupation. Occupation dummies, industry dummies, age dummies, and year dummies are also included as explanatory variables. Tenure and experience are measured in years. Marginal effects are calculated at the means of the independent variables. *Denotes statistical significance at the 5% level. Notes: Robust standard errors adjusted for clustering at the level of individuals, firms, occupations, and industries are in parentheses. Column (1a) estimated using ordinary least squares (OLS), remaining columns estimated using instrumental variables (IV). * Denotes statistical significance at the 5% level. The dependent variable is the log of the real hourly wage. Tenure and experience are measured in years. The other explanatory variables included in the regression are completed high school and college, college, graduate school, and high school graduation dummies, occupation dummies, industry dummies, year dummies, and age. Old firm, occupation, and industry dummy variables are equal to one after the first year of tenure in a firm, occupation, or industry. .2531 (.0256) Entries are changes in log wages. For example, 5 years of occupation experience increases the log wage by .0684 according to IV regression specification (4b). Notes: The actual wage change is the average within-person log wage change, Δw = ln(w it )-ln(w it-1 ) from the NLSY data, averaged over all person-time observations. Predicted wages are computed using predicted values from the OLS and IV regressions found in columns (1a) and (4b) of Table 3 . 
